In this study, we explore the distribution of productive efficiency among workers' cooperatives operating in each of four sectors of French manufacturing. We use stochastic frontier panel data techniques to estimate production relationships in each sector, and to decompose output variation into input variation, variation in the effects of two indicators of the degree of worker participation in management, variation in productive efficiency, and an unexplained residual. In all four sectors we find that conventionally measured capital and labor inputs make a significant contribution to productivity. In only one sector do participation indicators contribute significantly. Variation in productive efficiency contributes significantly in all four sectors.
Introduction
The purpose of this study is to explore the distribution of productive efficiency among workers' cooperatives operating in each of four sectors of French manufacturing. Productive efficiency is one component of overall productivity, and although the measurement of productivity change (or variation) in European cooperatives has attracted much attention recently, for a variety of reasons the technical efficiency component of productivity change has been almost completely neglected. This study is an effort to remedy that neglect.
We have recent data on output, inputs, and other relevant variables for a number of workers' cooperatives operating in each of four sectors of French manufacturing for the two adjacent years 1987 and 1988. The sectors are architecture, printing, furniture, and public works. Thus we have four short two-year panels containing 24, 55, 22 and 42 firms, respectively.
We use recently developed stochastic frontier panel data techniques to estimate the production relationships within each sector. These techniques provide a decomposition of output variation into input variation, variation in a pair of variables representing the degree of participation of workers in management, variation in technical efficiency, and an unexplained residual.'
The decomposition of productivity variation into input variation and participation variation is not new in this literature; see Jones and Svejnar [1985] , Defourny, Estrin and Jones [1987] , Defourny [1987] and Estrin, Jones and Svejnar [1987] for applications of this technique. The introduction of an additional component-efficiency variation-is new. Only Defourny [1988] and Sterner [1990] have sought to measure the technical efficiency of workers' cooperatives, in several sectors of the French economy and in the Mexican cement industry, respectively. However, Defourny estimated the mean technical efficiency, rather than individual efficiencies, over all cooperatives and over all capitalist firms in each sector. Consequently, he did not use efficiency variation to explain any part of intra-sectoral productivity variation? Sterner compared technical efficiencies of individual plants with different ownership structures, but there were only two cooperatives in his sample.3
In all four sectors we find that conventionally measured capital and labor inputs make a significant contribution to productivity. In only two sectors do participation indicators contribute significantly. Variation in technical efficiency contributes significantly in all four sectors. One conclusion to be drawn from these findings is that it is risky to analyze productivity variation under the assumption of technical efficiency. To do so leads to an erroneous allocation of productivity variation to its other sources, which in turn can lead to inappropriate policy decisions, particularly those that may be designed to influence participation.
This article is organized as follows: in Section 2 we outline the production frontier model, its characteristics and its estimation; Section 3 contains a brief description of the data, and a discussion of the empirical results; and Section 4 concludes with a summary of the study and suggestions for further related research.
The Production Frontier Model
For a single cross section, Aigner, Lovell, and Schmidt [1977] , Battese and Corra [1977] and Meeusen and van den Broeck [1977] all showed how to estimate a stochastic production frontier model of the form In yi = ayg +t CYj In Xji + Vi + Ui, i=l , ...I I,
j=l where yi is observed output in the ith firm, xji is the observed amount of the jth input employed in the ith firm, (01c, ol, . . . , ax) is a vector of technology parameters to be estimated, Vi -N(0, 4) is an error term capturing the random effects of noise, measurement error and the like, and ui is a nonpositive error term, distributed independently of vi, capturing the effects of technical inefficiency in production. Once a particular distribution is assigned to tt-half normal, truncated normal, exponential and gamma have been used-its parameter(s) can be estimated and mean technical efficiency in the sample can be estimated. This is what Defourny [1988] did, using least squares methods. Now we consider a time series of cross sections, and write the panel data extension of the cross section production frontier model (2.1) as
j=l where yit is observed output of the ith firm in the tth period, and xjit is observed usage of thejth input in the ith firm in the tth period. We have I firms and T = max {Ti} periods, although not all firms must be observed in all periods. Note that technical inefficiency is captured by the "firm effect," and is time-invariant. Models of this nature have been considered by several authors recently; this particular unbalanced panel version is adapted from Battese, Coelli, and Colby [1989] . In this study we use a standard Cobb-Douglas production function4
and incorporate the following institutional features of the cooperatives
where Kit and Ki denote the amounts of fixed assets financed internally and externally, respectively, and where Lz and Ly denote the number of employees who are non-members and members of the cooperative, respectively, all in firm i in period t? We now rewrite equation (3) as
where d and c are parameters that allow for productivity differentials between KT and Kf,, and between LE and Lf, respectively. In the event that d = c = 1, equation (6) collapses to equation (3), while if d # 1 or c # 1 there is a productivity differential between externally and internally financed fixed assets, or between nonmember and member employees. Following Brown and Medoff [1978] , we take the logarithm of equation (6) and take linear approximations to the two bracketed terms to generate6
After reparameterization our stochastic production frontier model becomes
In yit = CQ + al In Kit + a2 In Lit + as(KE/KiJ + ah(LF/LiJ + vit + ui.
The disturbance component Vit is assumed to be independently and identically distributed as N(0, 4), independent of the disturbance component ui, which is assumed to be independently and identically distributed as the nonpositive part of a N(p, 2) distribution truncated above at zero. Both components are also assumed to be distributed independently of the exogenous variables in the model.
Firm-specific but time-invariant estimates of technical efftciency are obtained by following Jondrow et al. [1982] and Battese and Coelli [1988] 
where Fe) is the cumulative distribution function of the standard normal variable and $ and uy are the parameters of the conditional normal distribution of (uiJvit + ui). The mean technical efficiency of all firms in a sector is given by (10) Equation (8) is the model to be estimated, after which equations (9) and (10) are used to estimate time-invariant efficiency by observation and as a sample mean.
There are eight parameters to be estimated. The three technology parameters (au, al, a2) describe the contribution of conventionally measured capital and labor inputs to output. The two participation parameters (d and c) measure the contribution of two popular indicators of participation to output. The three efficiency parameters [p, a2 = 2 + 4 and y = $/I?~] describe the contribution of technical efficiency to output. All eight parameters are estimated using maximum likelihood techniques described in Battese, Coelli, and Colby [1989] and Coelli [1989] .
The data and the results
We use panel data covering 1987 and 1988 for cooperatives in four sectors: in Architecture we have 24 firms and 45 observations, in Printing, we have 55 firms and 110 observations, in Furniture we have 22 firms and 41 observations, and in Public Works we have 42 firms and 81 observations. Output yir is value added in thousand FF, capital Kit is the value of fixed assets in thousand FF, labor Lit is the number of employees, and KE/Kir and Lf/Li, are ratios of external capital to total capital and non-member workers to total workers, respectively. The data were obtained from CGSCOP [1989] , and are summarized in table 1.
Having only two years of data, we think the fixed effects model gives reliable estimates of technical efficiency. We use maximum likelihood methods to obtain estimates of a~, al, a2, a3, a,, p, a2 and y and their standard errors ? The participation parameters c and d are also identified, and so we estimate them and their standard errors as well? The results for each of the four sectors are presented in tables 2-5. Each table reports the results of four model specifications, in which different restrictions are imposed on the parameters. Student t-statistics are reported beneath parameter estimates. The x2 statistic provides a test of the hypothesis that variation in technical efficiency contributes nothing to productivity variation; the hypothesis is that y = 0. As mentioned in the introduction, we seek to quantify the contributions of three sources of productivity variation. Although there are clear differences across the four sectors, we provide a functional summary of the results by focusing on the contributions of inputs, participation and efficiency to output in the four sectors.
XJrhe role of inputs: Estimated output-capital elasticities are stable across models, with values in the (0.1,0.2) range, and are frequently significantly greater than zero. Estimated output-labor elasticities are also stable across models, with values in the (0.9-1.0) range, and are always significantly greater than zero. Consequently, scale economies appear to play a role in all four sectors, with estimated scale elasticities falling in the (1.0-1.2) range, although they are only occasionally significantly greater than unity.
The role of participation: One way of measuring the impact of participation is to examine the estimated coefficients on the two participation variables. These estimated coefficients are not significantly different from zero in two sectors (Architecture and Public Works); they are suggestively close to being significantly different from zero in the Furniture sector; and they are clearly significantly different from zero in the Printing sector. Where significant, these estimated coefficients are negative, suggesting that increased participation leads to increases in output. A second way of measuring the impact of participation on output is through use of likelihood ratio tests, which we leave to the reader. These tests tell much the same story. A third way of measuring the impact of participation is to derive estimates of (d -1) and (c -1) from the coefficient estimates, and then to calculate approximate standard errors of the estimated values of (d -1) and (c -l), respectively. Results of these calculations are consistent with the first two sets of tests, and suggest that participation indicators exert a significantly positive impact on output in the Printing sector, and they come close to doing so in the Furniture sector. They do not have a significant effect in the two remaining sectors. Our finding of a significant positive effect of participation in the Printing sector is consistent with results of Defourny, Estrin, and Jones [1987] . Among the six sectors in which they studied the performance of cooperatives, Printing also emerged as a sector in which the productivity enhancing effect of workers' participation was particularly important. This common finding may be linked to the fact that the cooperative movement has long been very active in Printing, with its skilled workers, strong personal involvement, and militancy. JJre role of eficiency: Efficiency plays a substantial, and statistically significant, role in all four sectors. Estimated values of y, the ratio of the variance of the efficiency element in the composed error term to the variance of the composed error term itself, are statistically significant in the majority of models. More to the point, the chi-square statistics, which test the improvement in explanatory power of MLE over OLS, suggest that the parameters of the one-sided component of the composed error structure are statistically significant in all cases. In all sectors the impact of inefficiency is captured by two parameters, C? and y; in no sector did the model converge with a statistically significant value of CL.
The time-invariant estimates of technical efficiency for each cooperative enterprise in each sector am reported in the lower half of tables 2-5. These efficiencies show little variation across models, suggesting that the specification is robust to variation in the participation component of the model. The efficiencies vary substantially across sectors, with sample means declining from 0.88 in Architecture to 0.80 in Printing, 0.77 in Public Works, and 0.74 in Furniture. The efficiencies also vary substantially within each sector, with scores in Model 1 ranging from 0.79 to 0.93 in Architecture, from 0.59 to 0.93 in Printing, from 0.45 to 0.94 in Furniture, and from 0.45 to 0.96 in Public Works. This variation in productive efficiency goes a long way toward explaining observed variation in output within each sector. Overall impressions: Output variation across cooperative enterprises is significantly related to input variation across enterprises in all four sectors. But that is only part of the story. Output variation is also significantly and positively affected by increases in participation in one sector. Output variation is also significantly affected by variation in productive efficiency in all four sectors. The conclusion is that any model that attempts to explain productivity performance exclusively in terms of conventionally measured inputs is bound to generate misleading results concerning the absolute and relative importance of those inputs. It is sometimes necessary to examine the extent to which members of the cooperative finance or supply these inputs, and it is always necessary to examine the efficiency with which management coordinates the employment of these variables.
Summary and suggestions
In this article we have employed stochastic frontier panel data techniques to investigate the magnitude and distribution of productive efficiency in samples of producer cooperatives operating in four sectors of French industry. The economic finding of primary interest concerns the role of efficiency variation in explaining observed output variation. That role is statistically significant in all four sectors. In addition, the role of two popular indicators of worker participation is significantly positive in one sector. This suggests that conclusions about productivity variation, and policy recommendations emanating therefrom, based on econometric analysis with symmetric error structures and without participation variables, may be very misleading.
It would be of interest to reanalyze the same data using nonparametric, nonstochastic techniques to compare the performance of the two approaches. The nonparametric construction and decomposition of the Malmquist index into productivity variation and efficiency variation recently developed by Fare et al. [1989] would provide an ideal counterpart to our stochastic parametric approach. Notes 1. Our model is parametric, and so the decomposition we obtain is conditional on both the functional form of the production function we estimate (Cobb-Douglas) and the functional form of the error component intended to capture productive inefficiency (half-normal). 2. However, by segmenting his sample into size classes, Defoumy was able to test hypotheses concerning variation of technical efficiency over size classes. 3. One can also mention Cot6 [1989] , who measured technical efficiency in private, public and cooperative U.S. electric utilities, but his sample included only consumer cooperatives, and he estimated only mean technical efficiencies. 4. The Cobb-Douglas functional form is used in this study because single equation translog rarely works, and did not work with these data.
5. Since internal and external capital resources are used together to finance most types of asset purchases, it is impossible to know precisely what proportion of fixed assets is internally financed. We took the percentage of equity capital held by workers (as opposed to the percentage held by nonworkers) as an approximation to this proportion. 6. This approximation has been applied before in this literature, by Jones and Svejnar [1985] and Defoumy [1987] , but only for the labor input. The approximations are obtained by taking Taylor series expansions of me two nonlinear participation terms in equation (6) around the points d = 1 and c = 1 respectively, and truncating each expansion at the first-order term. Lovell, Sickles, and Warren [1988] have shown that if c = d = 1 the linear approximations are exact, and equation (7) correctly shows that participation has no effect on productivity. However if c # 1 or d # 1, then although equation (7) correctly identities the directions of the participation effects, it overstates their magnitudes, and the approximation errors increase in magnitude as c or d depart from unity. Of course it would be possible to embed the nonlinear model (6) directly into a stochastic frontier panel data framework and avoid the approximation error issue altogether. We have not done so. Consequently, we interpret our empirical findings as establishing upper bounds on the likely impacts of participation on productivity in these sectors. 7. Initially we tried a two-stage formulation. In the first stage, we estimated a stochastic Cobb-Douglas production frontier (2). In the second stage, we attempted to use the two participation variables to explain variation in measured efficiency by performing regressions of the general form iii = f(E(K;/K& E(L;/Lit)), where the expectation is taken over time. When we found no significant correlation between 4 and the means of the two participation indicators, we turned to the single stage formulation (8). In this formulation participation influences productivity not by influencing efficiency, but by altering production possibilities. 8. We use a computer program written by Coelli [1989] . See also N'Gbo [1991] .
